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EDGE DIRECTION AND CURVE BASED
IMAGE DE-BLURRING

BACKGROUND

As digital imaging technology has advanced, the use of
digital cameras has expanded to where digital imaging can be
found not only in dedicated cameras but also in various other
devices such as computers, wireless phones, and so forth.
While this advance in digital imaging technology has made it
easier for users to take pictures using a variety of different
devices, problems still remain. One such problem is that
image blurring can still occur, oftentimes caused by move-
ment of the camera while capturing the image. Such image
blurring can result in frustrating user experiences as the pic-
ture the user intended to capture is not as sharp as the user was
expecting or desired.

SUMMARY

This Summary introduces a selection of concepts in a sim-
plified form that are further described below in the Detailed
Description. As such, this Summary is not intended to iden-
tify essential features of the claimed subject matter, nor is it
intended to be used as an aid in determining the scope of the
claimed subject matter.

In accordance with one or more aspects, an input image is
obtained and, using a direction of each of multiple edges
identified in the input image, one or more of the multiple
edges are selected. Using the selected one or more edges, a
blur kernel is generated based on which a de-blurred version
of the input image is generated.

In accordance with one or more aspects, an input image is
obtained and an indication of one or more curves in the input
image is received. Each ofthe one or more curves has an angle
within a threshold amount of a right angle in the input image.
Using the indicated one or more curves, a blur kernel is
generated based on which a de-blurred version of the input
image is generated.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
areference number identifies the figure in which the reference
number first appears. The use of the same reference numbers
in different instances in the description and the figures may
indicate similar or identical items. Entities represented in the
figures may be indicative of one or more entities and thus
reference may be made interchangeably to single or plural
forms of the entities in the discussion.

FIG. 1 is a block diagram illustrating an example service
implementing the edge direction and curve based image de-
blurring in accordance with one or more embodiments.

FIG. 2 illustrates an example image de-blurring system in
accordance with one or more embodiments.

FIG. 3 is a flowchart illustrating an example process for
implementing the edge direction and curve based image de-
blurring in accordance with one or more embodiments.

FIG. 4 is a flowchart illustrating an example process of
selecting pixels using edge directions in accordance with one
or more embodiments.

FIG. 5 is a flowchart illustrating an example process of
selecting curves in accordance with one or more embodi-
ments.

FIG. 6 illustrates an example image including curves with
high curvature in accordance with one or more embodiments.
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FIG. 7 illustrates an example weight map corresponding to
the image of FIG. 6 in accordance with one or more embodi-
ments.

FIG. 8 illustrates an example of the effects of first-order
and second-order derivatives in generating the blur kernel in
accordance with one or more embodiments.

FIGS. 9 and 10 illustrate example blur kernels generated
for a blurred input image in accordance with one or more
embodiments.

FIG. 11 illustrates an example system that includes an
example computing device that is representative of one or
more computing systems and/or devices that may implement
the various techniques described herein.

DETAILED DESCRIPTION

Edge direction and curve based image de-blurring is dis-
cussed herein. An image de-blurring system obtains a blurred
input image and generates, based on the blurred input image,
a blur kernel. The blur kernel is an indication of how the
image capture device was moved (and/or how the subject
captured in the image moved) during image capture, resulting
in blur. Based on the blur kernel and the blurred input image,
a de-blurred image is generated.

The blur kernel can be generated based on the direction of
edges identified in the blurred input image. Such a blur kernel
is generated by identifying edge directions of the pixels of
edges identified in the blurred input image. The pixels are
assigned to different groups based on their edge directions,
and ones of these pixels are selected so that approximately the
same number of pixels in each of the different groups is
selected. The selected pixels are the basis for generating the
blur kernel, resulting in a blur kernel that reflects the various
edge directions associated with the different groups.

The blur kernel can additionally or alternatively be gener-
ated based on curves having a high curvature in the image
(e.g., corners in the image). Curves having a high curvature in
the image are identified, and ones of these identified curves
are selected as the basis for generating the blur kernel. The
blur kernel is generated based on these selected curves, and
optionally also based on selected pixels from other edges
(e.g., edges that are not curves having a high curvature).

FIG. 1 is a block diagram illustrating an example edge
direction and curve based image de-blurring system 102
implementing the edge direction and curve based image de-
blurring in accordance with one or more embodiments. Sys-
tem 102 can be implemented by one or more of a variety of
different types of devices that can edit or process images, also
referred to as an image processing device. For example, sys-
tem 102 can be implemented by a desktop computer, a server
computer, a laptop or netbook computer, a tablet or notepad
computer, a set-top box communicatively coupled to a dis-
play device, a television or other display device, a cellular or
other wireless phone, a game console, an automotive com-
puter, a digital camera, a scanner or copier, and so forth.
System 102 can also be implemented by a virtual device, such
as a virtual machine running on a physical device. A virtual
machine can be run on any of a variety of different types of
physical devices (e.g., any of the various types listed above).
Thus, devices implementing system 102 may range from full
resource devices with substantial memory and processor
resources (e.g., personal computers, game consoles) to low-
resource devices with limited memory and/or processing
resources (e.g., digital cameras, mobile devices).

Image de-blurring system 102 processes images to de-blur
the images. De-blurring an image refers to reducing the blur
present in an image, also referred to as sharpening the image.
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As illustrated in the example of FIG. 1, a blurred input image
104 can be obtained by system 102, which generates a corre-
sponding de-blurred version of the image 114. Image de-
blurring system 102 de-blurs images based on the directions
of edges identified in the images and/or curves having a high
curvature identified in the images, as discussed in more detail
below.

FIG. 2 illustrates an example image de-blurring system 200
in accordance with one or more embodiments. Image de-
blurring system 200 can be, for example, an edge direction
and curve based image de-blurring system 102 of FIG. 1.
Similarly, image de-blurring system 102 of FIG. 1 may be an
image de-blurring system 200. System 200 includes an image
access module 202, a direction-aware edge selection module
204, a curve selection module 206, a blur kernel generation
module 208, and an image generation module 210. Although
particular functionality is discussed herein with reference to
particular modules, it should be noted that the functionality of
individual modules discussed herein can be separated into
multiple modules, and/or at least some functionality of mul-
tiple modules discussed herein can be combined into a single
module. Furthermore, it should be noted that in some situa-
tions not all of modules 202-210 need be included in system
200. For example, if system 200 supports de-blurring based
on the directions of edges but not on curves having a high
curvature, then system 200 need not include curve selection
module 206. By way of another example, if system 200 sup-
ports de-blurring based on curves having a high curvature but
not on directions of edges, then system 200 need not include
direction-aware edge selection module 204.

Image access module 202 obtains an image 220, also
referred to as an input image, for de-blurring. Image 220 is
assumed to typically have blurring, and thus is also referred to
as a blurred image. Image access module 202 can obtain
image 220 in various manners and from various sources, and
can obtain the image from another component of the device
implementing system 200 or from a separate device. For
example, module 202 can obtain the image from an image
capture component, retrieve the image from a storage device
coupled to the device implementing system 200, retrieve the
image from a storage device accessed via a network, and so
forth.

Generally, blur kernel generation module 208 generates a
blur kernel used in de-blurring the image obtained by image
access module 202. The blur kernel, also referred to as a point
spread function (PSF), is an indication of how the image
capture device was moved (and/or how the subject captured in
the image moved) during image capture, resulting in blur as
discussed above. How the image capture device (or subject)
was moved refers to a direction of movement and an amount
(e.g., distance) of movement.

To generate the blur kernel, module 208 analyzes blurred
image 220 and selects one or more edges in blurred image 220
and/or one or more curves with high curvature. Given the
selected edges and/or curves, module 208 predicts a sharp
version of the selected edges and/or curves. Given the pre-
dicted sharp version of the selected edges and/or curves and
the blurred version of the selected edges and/or curves, mod-
ule 208 can readily identify the difference between sharp and
blurred versions of the selected edges and/or curves, this
difference being the blur kernel generated by module 208.
The blur kernel is generated based on edges identified in the
image and selected by direction-aware edge selection module
204 and/or curves with high curvature identified in the image
and selected by curve selection module 206. The blur kernel
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is used by image generation module 210 to generate de-
blurred image 222, which is a de-blurred version of blurred
image 220.

Image generation module 210 generates a de-blurred
image from a blurred image based on information obtained
from the blurred image itself. Module 210 need not have
access to metadata or other information describing the image
capture process, the image capture device, the subject cap-
tured in the image, and so forth. This de-blurring based on
information obtained from the blurred image itself is also
referred to as single image de-blurring or blind de-convolu-
tion.

FIG. 3 is a flowchart illustrating an example process 300
for implementing the edge direction and curve based image
de-blurring in accordance with one or more embodiments.
Process 300 is carried out by an image de-blurring system,
such as system 102 of FIG. 1 or system 200 of FIG. 2, and can
be implemented in software, firmware, hardware, or combi-
nations thereof. Process 300 is shown as a set of acts and is not
limited to the order shown for performing the operations of
the various acts. Process 300 is an example process for imple-
menting the edge direction and curve based image de-blur-
ring; additional discussions of implementing the edge direc-
tion and curve based image de-blurring are included herein
with reference to different figures.

In process 300, an input image is obtained (act 302). The
input image is a blurred image for which a de-blurred version
of the image is to be generated. The input image can be
obtained from a variety of different sources as discussed
above.

One or more of multiple pixels in the input image are
selected using an edge direction of each of the multiple pixels
(act 304). For example, the pixels can be assigned to various
different groups based on edge direction of the pixel, and an
adaptive gradient magnitude threshold used to select pixels
from the various groups as discussed in more detail below.

One or more curves detected in the input image are selected
(act 306). The one or more curves are curves having an angle
within a threshold amount of a right angle in the input image
(e.g., corners).

A blur kernel is generated using the selected one or more
pixels and/or the selected one or more curves (act 308). The
blur kernel is generated based on the blurred version of the
selected pixels and/or curves as well as predicted sharp ver-
sions of the selected pixels and/or curves.

A de-blurred version of the blurred input image is gener-
ated using the blur kernel (act 310). The de-blurred version of
the image can be readily generated given the blurred input
image obtained in act 302 and the blur kernel generated in act
308, as discussed in more detail below.

It should be noted that both acts 304 and 306 can be, but
need not be, performed in process 300. Thus, the blur kernel
can be generated using the selected one or more pixels with-
out using the selected one or more curves, and the blur kernel
can also be generated using the selected one or more curves
without using the selected one or more pixels.

The acts of FIG. 3 are discussed in additional detail below,
with reference to other figures as well. Referring again to act
304, the blur kernel can be generated based on edges selected
(e.g., by direction-aware edge selection module 204 of FIG.
2) taking into account the direction of pixels in the input
image. The edges selected in act 304 are edges of the subject
(e.g., the outline of a box, building, or other object; the perim-
eter of features of an object; etc.) identified in the blurred
input image. An edge refers to one or more pixels each having
a high gradient value, such as a gradient value that satisfies
(e.g., is equal to and/or greater than) a threshold value. An
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edge map is generated in act 304 that identifies, for each of
multiple pixels in the blurred image, the magnitude of the
gradient (also referred to as the gradient value) of the pixel
and the gradient direction (or simply direction) of the pixel.
The direction of the pixel indicates the direction of the edge
that includes the pixel, and thus is also referred to as the edge
direction of the pixel. The edge direction of the pixel can be
identified in various manners, such as being a particular angle
relative to a reference angle (e.g., in an X,y coordinate system
in which the x axis is horizontal and the y axis is vertical, the
reference angle 0 degrees can be along the x axis). The edge
map can identify the gradient magnitude and edge direction
of'each pixel in the blurred image, or alternatively only some
of the pixels in the blurred image (e.g., pixels along the
perimeter or border of the blurred image may not have gra-
dient magnitudes and directions identified in the edge map).
The edge map can be generated using any of a variety of
publicly available and/or proprietary techniques.

Although discussed herein with reference to gradient mag-
nitudes, other values can be used for or assigned to pixels of
edges. For example, other values that provide a probability or
other indication of how likely a particular pixel is to be part of
anedge can be used rather than gradient magnitudes. It isto be
appreciated that in the techniques discussed herein, such
other values can alternatively be used in place of gradient
magnitudes.

Pixels are selected in act 304 based on both the gradient
magnitude and the edge direction of each pixel in the edge
map. It should be noted that pixels are typically selected from
all pixels in the edge map, although can alternatively be
selected pixels from fewer than all pixels in the edge map.
Pixels are selected so that approximately the same number of
pixels in each of multiple different edge directions is selected,
and an indication of those selected pixels (e.g., identifies the
pixels as well as their gradient magnitudes and edge direc-
tions) is used to generate the blur kernel in act 308. Thus,
because the selection is based on the edge direction of pixels,
situations can arise where some of the selected pixels have
smaller or lower gradient magnitudes than some pixels that
are not selected.

FIG. 4 is a flowchart illustrating an example process 400 of
selecting pixels using edge directions in accordance with one
or more embodiments. Process 400 can be implemented in
software, firmware, hardware, or combinations thereof, and
can implement, for example, act 304 of FIG. 3. In process
400, multiple groups are created (act 402) and pixels are
assigned to different groups (act 404). For example, eight
groups can be created, although any number of groups can be
used. Each group includes a particular range of edge direc-
tions based on the angles of the edge directions. Each group
typically includes approximately equal ranges, although
alternatively some groups can have larger or smaller ranges
than other groups. For example, each pixel can have an edge
direction identified as a particular angle (e.g., in an X,y coor-
dinate system in which the x axis is horizontal and the y axis
is vertical, each pixel can have an angle from 0 to 180 degrees
relative to the x axis). Thus, if eight groups were used, then
pixels having edge directions at least O degrees but less than
22.5 degrees could be in one group, pixels having edge direc-
tions at least 22.5 degrees but less than 45 degrees could be in
another group, pixels having edge directions at least 45
degrees but less than 67.5 degrees could be in yet another
group, and so forth.

It should be noted that in situations in which each pixel can
have an angle from 0 to 180 degrees, an angle of the line
representing the edge direction can be used to determine the
angle of the pixel. For example, the line representing an angle
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of 35 degrees would be the same as the line representing an
angle of 215 degrees (180+435). Alternatively, each pixel can
have an angle from 0 to 360 degrees (e.g., relative to the x
axis).

Pixels are selected so that approximately the same number
of pixels in each of the multiple different groups is selected
(act 406). The pixels can be selected in different manners. In
one or more embodiments, different threshold values are used
for the gradient magnitudes of the pixels in the different
groups. Thus, the techniques discussed herein are also
referred to as applying or using an adaptive gradient magni-
tude threshold. The gradient magnitude threshold for each
group is determined so that approximately the same number
(e.g., the same number, numbers within a fixed threshold
difference (e.g., 150), numbers within a relative threshold
difference (e.g., 25%), etc.) of pixels is selected from each
group. For each group the pixels having gradient magnitudes
that satisfy (e.g., are equal to and/or greater than) the gradient
magnitude threshold of that group are selected for use in
generating the blur kernel. Thus, pixels are selected based on
both their edge directions and their gradient magnitudes,
rather than based on their gradient magnitudes alone.

Alternatively, rather than determining gradient magnitude
thresholds for each group, a particular number of pixels in
each group can be selected. For example, a particular number
(e.g., 400) of the pixels in each group that have the largest
gradient magnitudes can be selected for use in generating the
blur kernel.

Returning to FIG. 3 and referring again to act 306, in
addition to and/or in place of using pixels selected using edge
directions in act 304, the blur kernel can be generated based
on curves with high curvature in the input image. These
curves selected in act 306 are curves identified in the blurred
input image obtained in act 302, and can be selected by, for
example, curve selection module 206 of FIG. 2. A curve with
high curvature refers to a curve in the input image, typically
where two edges meet or where an edge changes directions,
that includes a corner or approximately a corner shape (e.g., a
curve having an angle that is a right angle or that is within a
threshold amount, such as 3 degrees, of a right angle).

FIG. 5 is a flowchart illustrating an example process 500 of
selecting curves in accordance with one or more embodi-
ments. Process 500 can be implemented in software, firm-
ware, hardware, or combinations thereof, and can implement,
for example, act 306 of FIG. 3. In process 500, curves with
high curvature are detected (act 502). The curves with high
curvature can be detected using any of a variety of publicly
available and/or proprietary techniques.

In one or more embodiments, curves with high curvature
are detected by first detecting edges in the image to obtain a
binary edge map. The edges can be detected in various man-
ners, such as using a Canny edge detector, and contours of the
edges are then extracted using a curvature scale space (CSS)
technique. Given the extracted contours, the curvature for
each contour is computed at a fixed low scale to retain the true
corners, and the local maxima of absolute curvature are
regarded as corner candidates. A threshold is adaptively com-
puted according to the mean curvature within a region of
support, and round corners are removed by comparing the
curvature of corner candidates with the adaptive threshold.
The angles of the remaining corner candidates are evaluated
based on a dynamically recalculated region of support to
eliminate false corners. After eliminating false corners, the
end points of open contours in the remaining corner candi-
dates are then considered and kept as corner candidates unless
they are very close to (e.g., within a threshold number of
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pixels of) another corner. The remaining corner candidates
after considering end points of open contours are the detected
curves.

FIG. 6 illustrates an example image 600 including curves
with high curvature in accordance with one or more embodi-
ments. Numerous curves with high curvature are identified in
image 600, the curves being illustrated in FIG. 6 by squares
surrounding the curves. Thus, for example, curves with high
curvature are identified at corners of square tiles or concrete
onthe sidewalk illustrated in image 600, at corners of panes of
glass in windows or the telephone booth in image 600, and so
forth.

Returning to FIG. 5, one or more of the curves detected in
act 502 are selected (act 504). In one or more embodiments,
curves are used to generate the blur kernel in situations in
which the pixels selected in act 304 of FIG. 3 are deemed
(e.g., by direction-aware edge selection module 204 and/or
blur kernel generation module 208 of FIG. 2) to be insuffi-
cient. The pixels selected in act 304 can be deemed to be
insufficient for various reasons, such as if the gradient mag-
nitude threshold value for one or more groups is equal to
and/or less than a particular value, if there are fewer than a
threshold number of pixels in one or more groups, and so
forth.

Curves with high curvature can be selected regardless of
the edge directions of edges in the curves, or alternatively
based on the edge directions of edges in the curves. In one or
more embodiments, the curves selected in act 504 are curves
with high curvature that include an edge with pixels in a group
selected inact 304 of FIG. 3 that are deemed to be insufficient.
For example, if the gradient magnitude threshold value for a
particular group is equal to and/or less than a particular value,
then curves with high curvature that include pixels in that
particular group are selected in act 504. Alternatively, other
rules or criteria can be used to select the curves (e.g., select all
curves detected in act 502).

A weight map based on the selected curves is also gener-
ated (act 506). In one or more embodiments the weight map is
generated by dilating the selected curves, resulting in amap in
which pixels of one color (e.g., white) represent pixels that are
part of a curve with high curvature, and pixels of another color
(e.g., black) represent pixels that are not part of a curve with
high curvature. The weight map assigns different weights to
different pixels, with pixels in regions that include curves
with high curvature being assigned larger weights than pixels
in regions that do not include curves with high curvature. The
weight map can be generated using any of a variety of pub-
licly available and/or proprietary techniques.

The weight map is generated by identifying locations in the
input image that include pixels that are part of a curve with
high curvature. The curves identified in the weight map are
expanded or dilated by a particular radius (e.g., 2). Thus, for
example, the weight map identifies, as locations that include
pixels that are part of a curve with high curvature, each
location identified in the weight map as being part of a curve
with high curvature as well as each location within the par-
ticular radius (e.g., 2 pixels) of a location identified in the
weight map as being part of a curve with high curvature.

FIG. 7 illustrates an example weight map 700 correspond-
ing to image 600 of FIG. 6 in accordance with one or more
embodiments. Numerous curves with high curvature are
identified in image 600, as discussed above. The weight map
is generated, after dilating the curves identified in image 600,
resulting in weight map 700. In weight map 700, pixels that
are part of a dilated curve with high curvature are identified in
white, and pixels that are not part of a dilated curve with high
curvature are identified in black.

Returning to FIG. 3, in act 308 the blur kernel is generated
based on the pixels selected using edge directions in act 304
and/or the curves selected in act 306. In generating the blur
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kernel based on the pixels selected using edge directions in
act 304, first-order derivatives of the selected pixels are cal-
culated. The first-order derivatives of the pixels provide an
indication of the direction or trajectory of the blur in the
blurred image, and the blur kernel is generated by reducing
(e.g., minimizing) an energy function based on the first-order
derivatives.

In generating the blur kernel based on the curves selected in
act 306, second-order derivatives of the selected curves are
calculated. The second-order derivatives of the curves pro-
vide an indication of the direction or trajectory of the blur,
with the second-order derivatives of curves that are sharp
being approximately dots or single points and the second-
order derivatives of curves that are blurred identifying the
direction or trajectory of the blur. The blur kernel is generated
by reducing (e.g., minimizing) an energy function based on
the second-order derivatives to generate the blur kernel.

FIG. 8 illustrates an example 800 of the effects of the
first-order and second-order derivatives in generating the blur
kernel in accordance with one or more embodiments. FIG. 8
illustrates a blurred input image 802, which is a blurred
square. The first-order derivative 804 identifies the trajectory
of the blur with lines having lighter or brighter portions to
indicate directions of greater movement than darker portions.
The first-order derivative 804 is the first-order derivative of
the pixels selected using edge directions in act 304 of FIG. 3.

The second-order derivative 806 identifies the trajectory of
the blur with points having lighter or brighter portions to
indicate directions of greater movement than darker portions.
The second-order derivative 806 is the second-order deriva-
tive of the curves with high curvature selected in act 306 of
FIG. 3. The second-order derivative 808 is a zoomed-in illus-
tration of a portion of the second-order derivative 806 sur-
rounded by the dashed box in second-order derivative 806.

The blurkernel is generated by reducing (e.g., minimizing)
an energy function that identifies a similarity between the
blurred input image (e.g., blurred image 220 of FIG. 2) and
the result of the blur kernel convolved with a de-blurred
version of the image. The energy function includes three
terms: a first convolution term, a second convolution term,
and a regularization term. The first convolution term indicates
that the blur kernel being generated is to, when convolved
with the first-order derivative of a predicted sharp version of
the blurred image, be at least approximately the same (e.g.,
the same or approximately the same) as the first-order deriva-
tive of the input image (e.g., blurred image 220 of FIG. 2). The
second convolution term indicates that the blur kernel being
generated is to, when convolved with the second-order
derivative of a predicted sharp version of the blurred image,
be at least approximately the same (e.g., the same or approxi-
mately the same) as the second-order derivative of the input
image (e.g., blurred image 220 of FIG. 2). The regularization
term assists in keeping the blur kernel smooth.

In one or more embodiments, the blur kernel is generated
by reducing (e.g., minimizing) the following energy function:

Se®Ky= 3T MIPsK =BuP+ Y AIWP K = BOI? + AIKIE (D

(Py,By) (P1.B1)

where W refers to the weight map, K refers to the blur kernel,
A refers to a weight for each first-order partial derivative and
hu€(hq, Ay), A, refers to a weight for each second-order deriva-
tive and Ag(h;, Ay, As), P refers to the selected pixels in a
predicted sharp version of the blurred image (pixels selected
using edge directions and/or pixels that are part of a selected
curve), B refers to the selected pixels in the blurred input
image (pixels selected using edge directions and/or pixels that
are part of a selected curve), (P*, B¥) refers to the first-order
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derivative of the predicted sharp and blurred versions of the
image, (P,, B refers to the second-order derivative of the
predicted sharp and blurred versions of the image, and
refers to a positive scalar for a regularization term. In one or
more embodiments, A. issetto 1 (e.g.,A; issetto 1 and A, is
setto 1), A, is set to 4 times A. (e.g., A5 is set to 4, A, is set to
4,and A is setto 4), and f§ is set to 5, although other values can
alternatively be used. The predicted sharp version of the
image P can be determined using any of a variety of publicly
available and/or proprietary techniques to predict or estimate
the sharp version of the image.

The energy function (1) includes a regularization term that
assists in keeping the blur kernel smooth. In one or more
embodiments, this regularization term is the Tikhonov regu-
larization term @|[K|?, although other regularization terms
can alternatively be used.

The first-order derivative (P*, B*) and second-order
derivative (P, B,) can be defined as:

(P%B)e{(P3.B),(P,0,B)} @

(P, B)e{(3:Lx30B)A(3:P,0,5,8),8,P,8,,8)} 3

These first and second order derivatives are treated differently
in generating the blur kernel, as indicated above in the energy
function (1). As can be seen from the energy function (1),
when using the energy function (1) the blur kernel is esti-
mated using derivatives of the pixel values instead of the pixel
values themselves.

The first term of the energy function (1) is an energy term
based on the first-order derivatives of the pixels selected
based on edge directions. The second term of the energy
function (1) is an energy term based on the second-order
derivatives of the selected curves. The energy function (1)
generates the blur kernel based on both the pixels selected
based on edge directions and the selected curves. In situations
in which the blur kernel is generated based on the pixels
selected based on edge directions but not the selected curves,
the second term need not be included in the energy function
(1). Similarly, in situations in which the blur kernel is gener-
ated based on the selected curves but not the pixels selected
based on edge directions, the first term need not be included
in the energy function (1).

The energy function (1) can be solved in various different
manners. In one or more embodiments, the energy function
(1) is solved based on the energy function (1) being rewritten
in a matrix form, resulting in the following matrix form
energy function:

Nl *=b *P+ | = )| PBIKP =(A = b T "= b+

(A e=b )W W(AK-b)+BEk Q)

where A. refers to a matrix consisting of P., A, refers to a
matrix consisting of P, k refers to a vector form of the blur
kernel K, b. refers to a vector consisting of B., and b, refers to
a vector consisting of B,.

A conjugate gradient method is used to approximately
optimize the matrix form energy function. The gradient of f,.
is defined as:

9 filk)
ak

®

=2AT Ak = 2ATh, + 2ATWT WAk — 2ATWT Wb, + 28k

The blur kernel is generated in act 308 by iteratively comput-
ing the gradient {; in reducing (e.g., minimizing) the energy
function (1).

The second-order derivative (P,, B,) defined in statement
(3) above relies on the curves with high curvature being
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formed by a horizontal edge and a vertical edge. Alternatively,
a rotation angle of the curves can be incorporated into the
second-order derivative. The rotation angle of a curve can be
determined (e.g., in act 306) using any of a variety of publicly
available and/or proprietary techniques. The rotation angle of
acurve can be identified in various manners, such as being the
angle of an edge of the curve relative to a reference angle,
being an angle within the arc of the curve, and so forth. For
example, in an X,y coordinate system in which the x axis is
horizontal and the y axis is vertical, the reference angle 0
degrees can be along the x axis. The second-order derivative
can be expanded to account for the rotation angle of the curves
as follows:
(P B)e{(3L530B)(3,:L,35,8):(3,P;3,,B),(a . B+
b3,,B)} ©
where a and b can be automatically determined for a curve
based on the orientation of the curve, and can be any value
between 0 and 1. The values a and b identify the rotation angle
of the curve (e.g., between 0 degrees and 180 degrees), and
can be determined in various manners (e.g., by extracting a
dominant gradient direction for the curve and using that
dominant gradient direction as the value of a and b). The
second-order derivatives are expanded to include a linear
combination of the second-order derivative to describe the
rotation angle.

FIG. 9 illustrates an example blur kernel 900 generated for
a blurred input image in accordance with one or more
embodiments. Blur kernel 900 is generated for blurred input
image 104 of FIG. 1, with lighter or brighter portions of blur
kernel 900 indicating directions of greater movement than
darker portions of blur kernel 900. Blur kernel 900 is gener-
ated using the energy function (1) without the second term, so
the blur kernel 900 is generated based on the pixels selected
based on edge directions but not on the selected curves.

FIG. 10 illustrates another example blur kernel 1000 gen-
erated for a blurred input image in accordance with one or
more embodiments. Blur kernel 1000 is generated for blurred
input image 104 of F1G. 1, with lighter or brighter portions of
blur kernel 1000 indicating directions of greater movement
than darker portions of blur kernel 1000. Blur kernel 1000 is
generated using the energy function (1) with the first, second,
and third terms, so the blur kernel 1000 is generated based on
the pixels selected based on edge directions as well as based
on the selected curves.

Returning to FIG. 3, given the blur kernel generated in act
308, a de-blurred version of the blurred input image is gen-
erated in act 310. The de-blurred version of the image can
then be output (e.g., as de-blurred image 222 of FIG. 2). The
de-blurred version of the image can be output in various
manners, such as displaying the image, storing the image in a
storage device, communicating the image to another device
for display or storage, communicating the image to another
device or component for further processing, and so forth.

The de-blurred version of the blurred input image is gen-
erated using the following model:

B=L®K+N )

where B refers to an input blurred image (e.g., blurred image
220 of FIG. 2), L refers to a latent sharp image (a de-blurred
version of the input blurred image, e.g., de-blurred image 222
of FIG. 2), ® is the convolution operator, K refers to a blur
kernel, and N refers to noise. Using this model, it can be
readily seen that using de-convolution, given a blurred image
and ablurkernel for the blurred image, a de-blurred version of
the blurred image can be readily generated.

The blur kernel K is generated based on edges of blurred
image B (edges selected based on their directions) and/or
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curves of blurred image B with high curvature, as discussed
above. An estimated latent sharp image L can be determined
using any of a variety of publicly available and/or proprietary
techniques that predict or estimate the sharp version of the
image. For example, an iterative process that alternately
approximately optimizes the estimated latent sharp image L
and the blur kernel K can be used to determine both the latent
sharp image L. and the blur kernel K, with the blur kernel K
determined in the final iteration being used to generate de-
blurred image 222 from the blurred image 220 of FIG. 2. This
iterative process progressively refines the blur kernel K, and
can be performed using any of a variety of publicly available
and/or proprietary techniques.

In one or more embodiments, the iterative process for
generating the estimated latent sharp image L. and the blur
kernel K is as follows. To progressively refine the blur kernel
K and the latent sharp image L, three steps are iterated:
prediction, kernel estimation, and de-convolution. Prediction
is performed first in each iteration, providing an initial value
of L for blur kernel estimation. The input of the prediction
(the image from which the gradient maps are computed) is the
blurred image B in the first iteration, and in other iterations is
the estimate of L obtained in the de-convolution step of the
previous iteration. In the prediction step, gradient maps of L.
are computed along the x and y directions, which predict
salient edges in [ with noise suppression in smooth regions,
resulting in image L. in which the salient edges remain and the
other regions have zero gradients. Bilateral filtering is applied
to the current estimate of L to suppress possible noise and
small details, and a shock filter is then used to restore strong
edges in L, The result of the shock filtering, referred to as L',
includes high-contrast edges and enhanced noise, and the
noise is removed by computing and thresholding the gradient
maps {3,L',3,L'} of L.

The threshold for truncating gradients can be determined
as follows. To estimate an mxm blur kernel, information of
blurred edges in at least m different directions is obtained.
Histograms of gradient magnitudes and directions for each
3L’ are constructed. Angles are quantized by 45 degrees, and
gradients of opposite directions are counted together. A
threshold is found that keeps at least rm pixels from the largest
magnitude for each quantized angle. The value of r can be 2,
or alternatively other values. To include more gradient values
as the iteration progresses, the threshold determined at the
beginning of the iteration process is gradually decreased (e.g.,
by multiplying by 0.9 in each iteration after the first iteration).

In the kernel estimation step, the blur kernel K is generated
(e.g., in act 308 of FIG. 3) using the edges selected based on
edge directions of pixels and/or using selected curves, as
discussed above. In the de-convolution step, an estimate of
the latent sharp image L is generated based on the blur kernel
K generated in the previous kernel estimation step and an
image B (the blurred image B in the first iteration and in
subsequent iterations the estimated latent sharp image L from
the previous de-convolution step). The de-convolution can be
performed using any of a variety of publicly available and/or
proprietary techniques.

It should be noted that, in situations in which an iterative
process is used to generate the de-blurred version of the
blurred input image, process 300 can be performed in each
iteration. A blur kernel can thus be generated in each iteration,
and the blurred input image from which the one or more
curves with high curvature are selected in act 306 and/or
pixels are selected using edge directions in act 304 can be the
blurred image 220 of FIG. 2 for the first iteration, and for
subsequent iterations can be a de-blurred version of the
blurred input image generated in the previous iteration.
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Various actions performed by various modules are dis-
cussed herein. A particular module discussed herein as per-
forming an action includes that particular module itself per-
forming the action, or alternatively that particular module
invoking or otherwise accessing another component or mod-
ule that performs the action (or performs the action in con-
junction with that particular module). Thus, a particular mod-
ule performing an action includes that particular module itself
performing the action and/or another module invoked or oth-
erwise accessed by that particular module performing the
action.

FIG. 11 illustrates an example system generally at 1100
that includes an example computing device 1102 that is rep-
resentative of one or more computing systems and/or devices
that may implement the various techniques described herein.
This is illustrated through inclusion of the image de-blurring
module 1114, which may be configured to reduce the blur
present in images, such as an image captured by an image
capture device 1116. Computing device 1102 may be, for
example, a server of a service provider, a device associated
with a client (e.g., a client device), an on-chip system, and/or
any other suitable computing device or computing system.

The example computing device 1102 as illustrated
includes a processing system 1104, one or more computer-
readable media 1106, and one or more I/O interfaces 1108
that are communicatively coupled, one to another. Although
not shown, computing device 1102 may further include a
system bus or other data and command transfer system that
couples the various components, one to another. A system bus
can include any one or combination of different bus struc-
tures, such as a memory bus or memory controller, a periph-
eral bus, a universal serial bus, and/or a processor or local bus
that utilizes any of a variety of bus architectures. A variety of
other examples are also contemplated, such as control and
data lines.

Processing system 1104 is representative of functionality
to perform one or more operations using hardware. Accord-
ingly, processing system 1104 is illustrated as including hard-
ware elements 1110 that may be configured as processors,
functional blocks, and so forth. This may include implemen-
tation in hardware as an application specific integrated circuit
or other logic device formed using one or more semiconduc-
tors. Hardware elements 1110 are not limited by the materials
from which they are formed or the processing mechanisms
employed therein. For example, processors may be com-
prised of semiconductor(s) and/or transistors (e.g., electronic
integrated circuits (ICs)). In such a context, processor-execut-
able instructions may be electronically-executable instruc-
tions.

Computer-readable storage media 1106 is illustrated as
including memory/storage 1112. Memory/storage 1112 rep-
resents memory/storage capacity associated with one or more
computer-readable media. Memory/storage component 1112
may include volatile media (such as random access memory
(RAM)) and/or nonvolatile media (such as read only memory
(ROM), Flash memory, optical disks, magnetic disks, and so
forth). Memory/storage component 1112 may include fixed
media (e.g., RAM, ROM, a fixed hard drive, and so on) as well
as removable media (e.g., Flash memory, a removable hard
drive, an optical disc, and so forth). Computer-readable media
1106 may be configured in a variety of other ways as further
described below.

Input/output interface(s) 1108 are representative of func-
tionality to allow a user to enter commands and information to
computing device 1102, and also allow information to be
presented to the user and/or other components or devices
using various input/output devices. Examples of input
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devices include a keyboard, a cursor control device (e.g., a
mouse), a microphone, a scanner, touch functionality (e.g.,
capacitive or other sensors that are configured to detect physi-
cal touch), a camera (e.g., which may employ visible or
non-visible wavelengths such as infrared frequencies to rec-
ognize movement as gestures that do not involve touch), and
so forth. Examples of output devices include a display device
(e.g., a monitor or projector), speakers, a printer, a network
card, tactile-response device, and so forth. Thus, computing
device 1102 may be configured in a variety of ways as further
described below to support user interaction.

Various techniques may be described herein in the general
context of software, hardware elements, or program modules.
Generally, such modules include routines, programs, objects,
elements, components, data structures, and so forth that per-
form particular tasks or implement particular abstract data
types. The terms “module,” “functionality,” and “component™
as used herein generally represent software, firmware, hard-
ware, or acombination thereof. The features of the techniques
described herein are platform-independent, meaning that the
techniques may be implemented on a variety of computing
platforms having a variety of processors.

An implementation of the described modules and tech-
niques may be stored on or transmitted across some form of
computer-readable media. The computer-readable media
may include a variety of media that may be accessed by
computing device 1102. By way of example, and not limita-
tion, computer-readable media may include “computer-read-
able storage media” and “computer-readable signal media.”

“Computer-readable storage media” may refer to media
and/or devices that enable persistent and/or non-transitory
storage of information in contrast to mere signal transmis-
sion, carrier waves, or signals per se. Thus, computer-read-
able storage media refers to non-signal bearing media. The
computer-readable storage media includes hardware such as
volatile and non-volatile, removable and non-removable
media and/or storage devices implemented in a method or
technology suitable for storage of information such as com-
puter readable instructions, data structures, program mod-
ules, logic elements/circuits, or other data. Examples of com-
puter-readable storage media may include, but are not limited
to, RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical storage, hard disks, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or
other storage device, tangible media, or article of manufac-
ture suitable to store the desired information and which may
be accessed by a computer.

“Computer-readable signal media” may refer to a signal-
bearing medium that is configured to transmit instructions to
the hardware of the computing device 1102, such as via a
network. Signal media typically may embody computer read-
able instructions, data structures, program modules, or other
data in a modulated data signal, such as carrier waves, data
signals, or other transport mechanism. Signal media also
include any information delivery media. The term “modu-
lated data signal” means a signal that has one or more of its
characteristics set or changed in such a manner as to encode
information in the signal. By way of example, and not limi-
tation, communication media include wired media such as a
wired network or direct-wired connection, and wireless
media such as acoustic, RF, infrared, and other wireless
media.

As previously described, hardware elements 1110 and
computer-readable media 1106 are representative of mod-
ules, programmable device logic and/or fixed device logic
implemented in a hardware form that may be employed in
some embodiments to implement at least some aspects of the
techniques described herein, such as to perform one or more
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instructions. Hardware may include components of an inte-
grated circuit or on-chip system, an application-specific inte-
grated circuit (ASIC), a field-programmable gate array
(FPGA), a complex programmable logic device (CPLD), and
other implementations in silicon or other hardware. In this
context, hardware may operate as a processing device that
performs program tasks defined by instructions and/or logic
embodied by the hardware as well as a hardware utilized to
store instructions for execution, e.g., the computer-readable
storage media described previously.

Combinations of the foregoing may also be employed to
implement various techniques described herein. Accordingly,
software, hardware, or executable modules may be imple-
mented as one or more instructions and/or logic embodied on
some form of computer-readable storage media and/or by one
or more hardware elements 1110. Computing device 1102
may be configured to implement particular instructions and/
or functions corresponding to the software and/or hardware
modules. Accordingly, implementation of a module that is
executable by computing device 1102 as software may be
achieved at least partially in hardware, e.g., through use of
computer-readable storage media and/or hardware elements
1110 of processing system 1104. The instructions and/or
functions may be executable/operable by one or more articles
of manufacture (for example, one or more computing devices
1102 and/or processing systems 1104) to implement tech-
niques, modules, and examples described herein.

The techniques described herein may be supported by vari-
ous configurations of computing device 1102 and are not
limited to the specific examples of the techniques described
herein. This functionality may also be implemented all or in
part through use of a distributed system, such as over a
“cloud” 1120 via a platform 1122 as described below.

Cloud 1120 includes and/or is representative of a platform
1122 for resources 1124. Platform 1122 abstracts underlying
functionality of hardware (e.g., servers) and software
resources of cloud 1120. Resources 1124 may include appli-
cations and/or data that can be utilized while computer pro-
cessing is executed on servers that are remote from comput-
ing device 1102. Resources 1124 can also include services
provided over the Internet and/or through a subscriber net-
work, such as a cellular or Wi-Fi network.

Platform 1122 may abstract resources and functions to
connect computing device 1102 with other computing
devices. Platform 1122 may also serve to abstract scaling of
resources to provide a corresponding level of scale to encoun-
tered demand for resources 1124 that are implemented via
platform 1122. Accordingly, in an interconnected device
embodiment, implementation of functionality described
herein may be distributed throughout system 1100. For
example, the functionality may be implemented in part on
computing device 1102 as well as via platform 1122 that
abstracts the functionality of the cloud 1120.

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
features or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims.

What is claimed is:
1. A method implemented in a device, the method compris-
ing:

obtaining an input image;

obtaining an edge direction for each of multiple pixels
identified in the input image;

selecting, by the device and using the edge direction of
each of the multiple pixels, one or more of the multiple
pixels, the selecting including:
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assigning each of the multiple pixels to one of multiple
groups based on an angle of the edge direction of the
pixel, and

selecting, as the one or more pixels, a number of pixels
from each of the multiple groups, the numbers of
pixels selected from the multiple groups being within
a threshold difference of one another; and

generating, by the device and using the selected one or

more pixels, a blur kernel based on which a de-blurred

version of the input image is generated.

2. A method as recited in claim 1, the method further
comprising obtaining gradient magnitudes for each of the
multiple pixels.

3. A method as recited in claim 2, the selecting the number
of pixels from each of the multiple groups comprising:

applying an adaptive gradient magnitude threshold to the

multiple groups so that different groups can have differ-
ent gradient magnitude thresholds; and

selecting, as the one or more of the multiple pixels, pixels

from the multiple groups having gradient magnitudes
that satisfy the gradient magnitude threshold for the
group.

4. A method as recited in claim 3, further comprising deter-
mining for each group a gradient magnitude threshold so that
the selecting pixels from the multiple groups comprises
selecting approximately the same number of pixels from each
of the multiple groups.

5. A method as recited in claim 3, wherein at least one pixel
selected from one of the multiple groups has a lower gradient
magnitude than a pixel not selected from another of the mul-
tiple groups.

6. A method as recited in claim 1, further comprising:

receiving an indication of one or more curves each having

an angle within a threshold amount of a right angle in the
input image; and

the generating comprising generating, using the selected

one or more pixels and the indicated one or more curves,
the blur kernel.
7. A method as recited in claim 6, the generating further
comprising generating the blur kernel by reducing an energy
function based on second-order derivatives of the one or more
curves.
8. A method as recite in claim 7, the energy function being
further based on first-order derivatives of the selected one or
more pixels.
9. One or more computer-readable storage media having
stored thereon multiple instructions that, when executed by
one or more processors of a computing device, cause the one
Or more processors to:
obtain an input image;
select one or more curves each having an angle within a
threshold amount of a right angle in the input image; and

generate, using the selected one or more curves, a blur
kernel based on which a de-blurred version of the input
image is generated, the blur kernel being generated by
reducing an energy function that includes pixels that are
part of the selected one or more curves but excludes
pixels that are not part of the selected one or more
curves.

10. One or more computer-readable storage media as
recited in claim 9, wherein to generate the blur kernel is
further to generate, based on the selected one or more curves
and one or more pixels of edges in the input image, the blur
kernel.

11. One or more computer-readable storage media as
recited in claim 10, the multiple instructions further causing
the one or more processors to select, using an edge direction
of'each of multiple pixels in the input image, the one or more
pixels.
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12. One or more computer-readable storage media as
recited in claim 10, the multiple instructions further causing
the one or more processors to obtain both gradient magni-
tudes and edge directions for each of the one or more pixels.
13. One or more computer-readable storage media as
recited in claim 12, the multiple instructions further causing
the one or more processors to:
assign each of the multiple pixels to one of multiple groups
based on an angle of the edge direction of the pixel;
apply an adaptive gradient magnitude threshold to the mul-
tiple groups so that different groups can have difterent
gradient magnitude thresholds; and
select, as the one or more pixels, pixels from the multiple
groups having gradient magnitudes that satisfy the gra-
dient magnitude threshold for the group.
14. One or more computer-readable storage media as
recited in claim 9, wherein to generate the blur kernel is to
generate the blur kernel by reducing the energy function
based on second-order derivatives of the one or more curves.
15. One or more computer-readable storage media as
recited in claim 14, the energy function being further based on
first-order derivatives of one or more pixels of edges identi-
fied in the input image.
16. One or more computer-readable storage media as
recited in claim 14, the energy function being further based
on, for each of the one or more curves, a rotation angle of the
curve.
17. A system comprising:
an image access module configured to obtain an input
image;
an edge selection module configured to:
obtain an edge direction for each of multiple pixels
identified in the input image,

select, using the edge direction of each of the multiple
pixels, one or more of the multiple pixels by assigning
each of the multiple pixels to one of multiple groups
based on an angle of the edge direction of the pixel,
and selecting, as the one or more pixels, a number of
pixels from each of the multiple groups, the numbers
of pixels selected from the multiple groups being
within a threshold difference of one another;

a curve selection module configured to select one or more
curves each having an angle within a threshold amount
of a right angle in the input image; and

a blur kernel generation module configured to generate,
using the selected one or more pixels and the selected
one or more curves, a blur kernel indicating how an
image capture device was moved while capturing the
input image.

18. A system as recited in claim 17, the edge selection
module being further configured to obtain both gradient mag-
nitudes and the edge directions for each of the multiple pixels.

19. A system as recited in claim 18, the edge selection
module being further configured to:

apply an adaptive gradient magnitude threshold to the mul-
tiple groups so that different groups can have difterent
gradient magnitude thresholds; and

select, as the one or more of the multiple pixels, pixels from
the multiple groups having gradient magnitudes that
satisfy the gradient magnitude threshold for the group.

20. A system as recited in claim 17, the blur kernel genera-
tion module being further configure to generate the blur ker-
nel by reducing an energy function based on second-order
derivatives of the one or more curves and on first-order deriva-
tives of the selected one or more pixels.
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